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Introduction
33
Reliable and detailed emission inventories are crucial for the accuracy of air quality modelling; 34 such inventories should include all sectors of anthropogenic and non-anthropogenic pollution. 35 Information on emissions should also include a sufficiently detailed treatment of their 36 geographical and temporal variations. The introduction of an automatic vessel position reporting 37 system, called the Automatic Identification System (AIS), has significantly reduced the 38 uncertainties concerning ship activities. Currently, all vessels larger than 300 tons globally report 39 their position with a few second intervals. 40 The use of Automatic Identification System (AIS) data for the assessment of shipping 41 emissions has substantially increased during the last few years. Both the geographical coverage 42 achieved via AIS satellite receivers and the amount of usable AIS-based shipping activity data 43 have substantially increased while the financial costs for acquiring the relevant AIS data have 44 significantly decreased. The availability of the new data has made it possible to use refined 45 M A N U S C R I P T
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2 methods that can significantly improve the quality of bottom-up ship emission inventories. The 46 main advantage of such bottom-up emission inventories, compared to the top-down ones, is that 47 these can describe the emitters in a more realistic manner, while maintaining the connection 48 between single emitters and large scale inventories. In addition, it is possible to construct 49 sophisticated emission scenarios and analyze in detail the spatial-temporal variation of emissions. 50
The AIS system is useful for the evaluation of ship emissions, as it provides continuously 51 automatic information on the vessel positions and instantaneous speeds of ships. If the required 52 vessel characteristics are also known, the exhaust emissions can be modelled on very high 53 temporal and spatial resolutions. The ship emission inventories based on the use of the AIS 54 signals have several significant advantages over the previously developed approaches (e.g., Smith 55 et al., 2015, Jalkanen et al., 2016). Such inventories are based on time-dependent, high-resolution 56 dynamic traffic patterns, which can also allow, e.g., for the effects of changing weather 57
conditions. 58
The function of AIS-data as a means to estimate shipping emissions is not new; AIS has 59 been used previously for the assessment of emissions and air pollution originated from shipping. 60
However, the scope of these studies has commonly been limited either to city-scale, for instance, 61 regarding the influence of harbours and nearby ship traffic, or to selected sea regions (e.g., 62 Jalkanen , AIS-data was used to assess global shipping emissions. Before the 66 present study, the Third GHG Study therefore represented the most detailed and comprehensive 67 global inventory of shipping emissions. The aim of that study was to provide IMO with both a 68 multi-year inventory and future scenarios for green-house gases and other emissions from ships. 69
Analysis in that study was carried out for each ship during each hour of each of the years 2007-70 2012, before aggregation to evaluate the total values. Since the focus of that study was on the 71 evaluation of the total shipping emissions, the authors did consider neither the realistic pathing of 72 individual ships nor the resulting spatial-and temporal variability of global shipping emissions. 73 However, an accurate representation of the spatial and temporal variability the global shipping 74 emissions is crucial for air quality modelling purposes. 75 Corbett et al. (2007) analysed the global premature mortality caused by ship emissions. Trees (GBRT) to refine their technical vessel database. Despite the adopted GBRT technique, the 88 amount of identified and technically specified vessels was limited to 18,300 ships; the clear 89 majority of AIS-messages (3.7 billion of 5.7 billion) originated from ships that could not be 90 identified and were omitted from the modelling. 91
The present authors have previously introduced the Ship Traffic Emission Assessment 92 Model (STEAM), which uses AIS data to describe ship traffic activity. The previous model 93 versions have been described in detail by Jalkanen et al. (2009 Jalkanen et al. ( , 2012 Jalkanen et al. ( , 2014 Jalkanen et al. ( and 2016 and 94 M A N U S C R I P T A C C E P T E D ACCEPTED MANUSCRIPT Johansson et al. (2013 In this study, we present for the first time a global, entirely bottom-up, physically realistic 99 AIS-based assessment of shipping emissions on very high spatial and temporal resolutions. Our 100 modelling approach is based on the vessel water resistance method (Hollenbach, 1998 
Methods
120
The STEAM model combines the AIS-based information and the detailed technical knowledge of 121 the world fleet with principles of naval architecture. This input information is used to predict the 122 resistance of vessels in water and the instantaneous engine power of the main and auxiliary 123 engines on a minute-by-minute basis, for each vessel that has sent AIS messages. The model then 124 predicts as output both the instantaneous fuel consumption and the emissions of selected 125 pollutants (Jalkanen et al., 2012; Johansson et al., 2013 The main components of the modelling approach, which are applied separately to each 136 ship, have been schematically presented in Figure 1 . The modelling can be broadly classified to 137 three stages. In the first stage, the relevant data is gathered from various sources, assimilated and 138 pre-processed. In this initial process we have first combined all ship activity data from multiple 139 M A N U S C R I P T A C C E P T E D The difference measure is defined as 204 205
where is the design speed of the ship, is the design speed of the candidate ship, is the ship's 207 length (LOA), is the candidate ship's length and = 0.35. The empiric weighting factor 208 has been optimized using Monte Carlo -simulations, based on a large number of known ship 209 entries in the ship properties database. Both the estimation of the factor and an evaluation of the 210 overall performance of the MSV search algorithm have been presented in Appendix A. 211 M A N U S C R I P T For regions that are covered only by the satellite-based AIS data and there are no terrestrial 226 receivers nearby, the input data for the modelling can be scarce: the geographical distance 227 between two consecutive AIS-messages can be thousands of kilometres for a selected vessel. For 228 each pair of consecutive messages we apply physical feasibility checks and corrections to 229 determine the activities between the two activity points (Johansson et al., 2013) . However, an 230 attempt to interpolate the activities in the shipping routes using, e.g., great-circle paths may result 231
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in an unrealistic situation, in which the route would cross over land areas. In fact, any two 232 consecutive route points that are spatially close to each other could actually be associated to a 233 much longer travel route across the seas. To address this issue, a route generation algorithm has 234 been developed and implemented to the STEAM3 model which can be used to evaluate the non-235 trivial route segments. 236
For the route generation, we have used a Dijkstra algorithm to determine the shortest path 237 network (Cherkassky et al, 1996) , which was also used for this purpose by Paxian et al (2009) . A 238 more detailed description of the route generation algorithm has been presented in Appendix B. 239
The basic principle of this method has been illustrated in Fig 2. First, we use the STEAM3 model 240 to determine the geographical distribution of the fuel consumption of the IMO-registered vessels, 241 without using the route generation algorithm. The resulting gridded fuel consumption data, in 242 which the shipping lanes are clearly visible, is used as a basis to describe the shipping routes as a 243 series of coordinate points. Together the described shipping routes form a vast network of 244 interconnected routes; the total length of the network is 1.04 million kilometres and is formed by 245 4,900 nodes and 12,300 arcs that connect the nodes to each other. Thus the network facilitates 246 approximately 12 million unique node-to-node shortest path routes. 
253
In brief, the algorithm is used as follows: first, based on the two consecutive AIS-254 messages it is evaluated whether or not the segment needs sophisticated path generation (e.g, 255
there exists a significant amount of land mass between the points). Second, in case the route 256 generation is needed, the closest nodes to the start point and the end point of the activity segment 257 are identified. Third, the shortest path between the start node and the end node is evaluated with 258 the Djikstra algorithm. Finally, additional proxy AIS-messages are generated in between the first 259 and the last AIS-message, following the generated shortest path, in such a way that the timing of 260 the generated messages are in agreement with the path distance and the vessel speed. 261
This approach also facilitates the use of harbour arrival and departure data as input values 262 to the model, further improving the geographical coverage of ship activity tracking in cases of 263 incomplete AIS coverage. 264 265 2.3 Evaluation of the influence of emission control areas, scrubbers and dual fuels 266 267
We have taken into account the influences of all internationally regulated emission control areas 268 that were effective in 2015; these affect the maximum allowed Fuel Sulphur Content (FSC). 269
These emission control areas include the North American SECA (sulphur ECA) region, the North 270
European SECA region and the EU region. These regions have been treated in the model 271 mathematically as polygons, inside which there were a set of rules that all ships must comply. 272 E.g., within the EU region the FSC of a passenger ship must not exceed 1.5 %. During berthing 273 for more than two hours, the FSC must not exceed 0.1 %. However, if on-board emission 274 abatement systems are used, fuels with a higher FSC can be used but the effective emissions of 275 PM 2.5 and SO x must not exceed the corresponding emissions achieved by using the maximum 276 allowed FSC without on-board emission abatement. 277
We have compiled a global up-to-date list of ships, which have a sulphur scrubber installed 278 using publicly available data sources. The use of the scrubber together with the FSC regulations 279 will determine dynamically the modelled FSC for individual ships (Johansson et al, 2013) . We 280 have assumed that the cheapest fuel is used that satisfies the regulations, allowing for the 281 M A N U S C R I P T A C C E P T E D 
Results
290
The global fuel consumption and the emissions were computed in a numerical grid using the 291 WGS84 coordinate system. The grid contains 6,000 and 2,500 cells in each direction, 292
respectively. This corresponds to a grid spacing of approximately 7 km in the vicinity of the 293 equator. 294 295 3.1 Comparison of results with those of previous studies 296 297
We have compared the predicted consumption of fuel for the global shipping with the values 298 reported by the International Energy Agency (IEA) and the predictions in the 3 rd IMO greenhouse 299 gas (GHG) study (Smith et al., 2015) . This comparison is presented in The total annual emissions estimated in this study are presented in Table 2 . The IMO-registered 343 marine traffic is responsible for most of the emissions for all the considered pollutants, e.g., for 344 approximately 91 % and 93 % of the CO 2 and PM 2.5 emissions, respectively. However, the 345 presented emission totals are likely to underestimate the global shipping emissions as the weather 346 effects were not taken into account in this study. Additionally, the lack of AIS-data in some 347 coastal regions can also contribute to this underestimation, for which an example exists: 348 previously, using 1.7 billion terrestrial AIS-messages at the Baltic Sea the authors estimated the 349 annual CO 2 emissions at the Baltic Sea to equal 15,900 kton (Gg) in 2015 (Johansson and  350 Jalkanen, 2016). In this study the total amount of AIS-messages in the same area was only 61 351 million and the modelled CO 2 emissions was approximately 7% less, 15,000 kton. 352 353 there were approximately 76,000 vessels, for which the technical data assimilation methods did 363
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not yield enough information for vessel characterization. For such vessels, the ships were 364 assumed to be generic small boats with a gross tonnage of 300 t (Johansson et al., 2013) . 365 However, only 3.5 % of all travel kilometres were travelled by these unknown vessels. As the 366 total distance travelled by such crafts is relatively small, the resulting uncertainty caused to the 367 global emission budget is also fairly small. 368
The use of the route generation algorithm was limited for approximately 9% of the total 369 travel distances and the generated routes were clearly concentrated on the Middle East and Asia. 
401
An additional detailed geographical analysis shows that the highest emission densities in a 402 decreasing order, as measured within a circle of 10 kilometres, occur in Singapore, Hong Kong, 403
Antwerp, Shanghai, Los Angeles and Rotterdam. In the geographical distribution of SO x 404 emissions from shipping (Fig. 4) , the effects of the SECA regions are visible along the coastlines 405 of northern America, in the Gulf of Mexico, in the North Sea and in the Baltic Sea. 406 407 3.4 The shipping emissions for the sea regions and the size categories of ships 408 409
The emissions of three main pollutants from global shipping have been presented separately for 410 the main sea regions in Fig. 5 . Additionally, the NO x emission density in these regions was 411 chosen and has been presented in the figure. These selected geographic areas have been described 412 in greater detail in Supplements B. 413 
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429
The numbers of ships, their cargo transport work and their emissions have been presented in Fig.  430 6, separately for the size classes of ships. For instance, there were 4,508 ships globally that had a 431 gross tonnage (GT) larger than 80,000 tons; this constitutes 6.8 % of all IMO-registered vessels. 432
Despite the low amount of ships, however, their contribution to the global shipping emissions for 433 the four considered pollutants ranged from 28 to 33 %. These large vessels also carried 43.7 % of 434 all transported marine cargo. 435
The lowest size category (below 4,000 tons) contains 88.5% of all ships. However, 436
despite the large numbers of the smallest vessels, the two categories of smallest ships (below 437 10,000 tons) are responsible for the smallest shares of the emissions of PM 2.5 and SO x . The minor 438 contribution of emissions originating from the smallest vessel size category can be explained by 439 the combination of low average travel amounts (5000km per ship on average) and low-powered 440 engines on board, which in turn operate on heavy fuels less often than the vessels in other size 441 categories. 
Emissions for various ship types 447 448
The responsibilities of various ship categories for the global CO 2 emissions in 2015 have been 449 presented in Fig. 7 . The most significant contributions were from container ships, cargo carriers 450 and tankers; their combined CO 2 emissions were 82.6 % of the total emissions of the global fleet. 451
Regarding the other pollutants considered in this study, the relative global share of these major 452 ship categories is larger than 80 %. The above mentioned three ship types contribute 84, 88 and 453 87 % of the global NO x , SO x and PM 2.5 emissions, respectively. 454
Military ships that send AIS-messages have been included in the modelling and they are a 455 part of the "Miscellaneous" vessel category. However, only some auxiliary naval vessels (cargo 456 ships, tankers etc.) carry AIS and use it; unfortunately, the activities of destroyers, frigates and 457 other battle ships which may have unit emissions equal to those of container vessels (Corbett and  458 Koehler, 2003) cannot be accurately described using AIS data. 
468
The spatial distribution of the CO 2 emissions has been separately presented in Figs. 8a-f for six 469 vessel categories. There are substantial differences between these distributions, in terms of the 470 ship type. In particular, the spatial distributions for the cargo transport (Figs. 8a-b) are clearly 471 different from those of passenger traffic (Fig. 8d, partly also 8c) . The RoPax traffic consists 472 mainly of fairly short routes in the vicinity of coastlines. The disaggregation of emissions to 473 vessel type specific contributions facilitates further work with sophisticated scenarios as future 474 fleet growth -rates are not the same for all ship types. 475
There is no intensive tanker traffic from the Persian Gulf to USA, which can be partly 476 caused by the increased domestic oil production in the USA (US EIA, 2017; (Hoffmann et al., 477 2015) ). Regarding the cruiser traffic, Hawaii and Tahiti are significant hubs of traffic in the 478 Pacific; other hotspots are Miami, Cancun, Seychelles and Mauritius. As expected, the 479 geographical distribution of fishing boats is more dispersed than those for the other ship 480 categories. The amount of fishing traffic may be underestimated, as part of the fishing boats may 481 not use the AIS equipment. 482
On average, shipping can produce low specific emissions per cargo ton kilometre. The 483 computed average of specific CO 2 emissions was 7.6 grams per ton (of cargo) km for all ships, 484 but there is a wide variety between different kinds of ships. According to this study, in terms of 485 cargo transport work, bulk cargo carriers and oil tankers had the smallest specific emissions of 486 4.7 and 6.1 grams per ton km. Containerships emitted 9.7 and RoRo/RoPax ships 150.7 grams 487 per ton km. However, the specific emission value (per ton of cargo) for RoRo/RoPax ships is not 488 directly comparable, as this category includes ships, which carry both passengers and cargo. In 489 the above mentioned specific emission calculation, only the mass of cargo was considered instead 490 of the combined mass of cargo and passengers; this tends to result in an overestimation in specific 491 emissions for passenger vessels. In summary, there is a wide variation of the specific emissions 
Conclusions
502
We have presented a comprehensive global shipping emission inventory for 2015. The emissions 503 were evaluated using the STEAM3 model, with input data from the Automatic Identification 504
System and the vessel specification database. The emission model was improved in several 505 respects in this study. Previously, there have been two major obstacles in assessing accurately 506 global shipping emissions. The first one is that the required technical specifications of ships are 507 incomplete or missing in some cases. We have therefore developed a method for the collection 508 and processing of the technical ship data, using data assimilation techniques. We included in this 509 modelling approximately 300,000 vessels with unique technical characteristics, given by the 510 technical data assimilation methods. After using this procedure, only 3.5% of the total travel 511 kilometres were estimated to be travelled by vessels with unknown characteristics. We have 512 therefore managed to evaluate the emissions of non-IMO registered marine traffic substantially 513 more accurately, compared with previous corresponding investigations. 514 It has also been challenging to evaluate accurately global shipping emissions, as the AIS-515 data can be notably heterogeneous, and it is therefore difficult to realistically determine the 516 shipping activities. We have developed a model that applies shipping route generation algorithms 517 that automatically refines the ships' travel routes whenever the spatial and temporal gap between 518 two consecutive AIS-messages is so large that it suggest a need for a more detailed approach. 519
During the target year 2015 the route generation feature was found to be especially beneficial in 520 the regions of Middle East and Asia. As we methodically evaluate the shipping activities between 521 the AIS-messages, the heterogeneity and reliability of the AIS-data (e.g., duplicate messages and 522 M A N U S C R I P T
A C C E P T E D ACCEPTED MANUSCRIPT
erroneous information) will not significantly affect the outcome of the modelling results. The 523 inclusion of the route generation algorithm also allows the use of additional ship activity datasets, 524 such as the information on arrival and departure times to harbours. This can improve the coverage 525 of the shipping activity datasets in open-sea regions, in which the AIS coverage may be 526 incomplete. 527
The number of AIS messages used in this study was approximately eight billion (7.8 x 528 10 9 ), which was significantly larger than, e.g., the corresponding value used for the results in the 529 3 rd IMO GHG. The number of satellite AIS transceivers in orbit around the Earth has increased 530 during the last few years, and this trend is expected to continue in the future. This trend is 531 fortunate since there are no restrictions for the size of the activity dataset in STEAM3. Better 532 availability of the AIS data has provided, and will provide, better possibilities for more accurate 533 predictions of the shipping emissions. Having larger amount of AIS data is especially beneficial 534 for the modelling of coastal regions with significant amount of short-sea shipping, in which case 535 the route regeneration algorithm is unable to recover the missing route information in most cases. 536
The 
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The results of this study can be used in air quality modelling on scales from local to 572 global. One possible application could be an evaluation of the health effects caused by global 573 shipping emissions to the atmosphere. The STEAM3 model can also be used to provide more 574 detailed emission data from shipping, for instance, for a selected set of harbours or some other 575 limited area, using a selected temporal and spatial resolution. Annual updates to global ship 576 emission inventories can also be provided with the model, if an access to the global AIS datasets 577 will be available. The presented global emission inventory, in combination with the STEAM3 578 model or some other modelling system, could in the future also be used to assess the impacts of 579 various emission scenarios. Such scenario simulations can be performed with the model since the 580 effective regulations, physical properties of ships and even the travelling speed of ships can be 581 made variable. 582 583 584
Appendices
586
Appendix A: Technical data assimilation 587 588
The performance of the technical data-assimilation method presented in the paper was evaluated. 589
For randomly selected database entries the assimilation method was used to estimate main engine 590 power, auxiliary engine power, gross tonnage (GT) and the main engine stroke type using the 591 MSV search method described in Section 2.1. The estimates were then compared against the 592 actual values listed in the database entries and for the selected vessel properties the Root Mean 593 Squared Error (RMSE) were calculated. Over 3,000 database entries was included; perfect 594 matches were not allowed to occur in the evaluation (i.e., the data for assimilation always 595 originated from a different database entry. Simply put, the Most Similar Ship was not allowed to 596 be the evaluated ship itself). 597
For the assignment of the weighting factor in Eq. 1 the evaluation process was repeated 598
with variable values for the factor . The lowest RMSE value for the main engine estimates 599 (which is the most crucial technical piece of information for the modelling) was achieved by 600 assigning the value of 0.35 for the factor . Importantly, by setting the factor equal to zero 601 significantly increased the achieved RMSE which clearly indicates that a two-dimensional search 602 criterion is better than a simpler one-dimensional length criterion. Figure A1 describes the results for the evaluation study. The assimilated gross tonnage and main 608 engine power are in good agreement; the assimilated auxiliary engine has the highest variability 609 with respect to actual database values and the correlation coefficient R 2 is 0.8. The stroke type for 610 the main engine was correctly assimilated in 89% of the evaluation cases. 611
607
The main argument for the use of the technical data-assimilation method is that using 612 vessel type averages for missing technical pieces of information can be detrimental for shipping 613 emissions modelling. Average values for missing data may easily lead to unrealistic description 614 in hydrodynamic performance prediction, fuel consumption and emissions. In the evaluation we 615
calculated RMSE values when vessel type -based averages were used instead. We generated the 616 vessel type averages based on our full vessel database. According to our results by using vessel 617 type averages the RMSE for gross tonnage assignment is approximately 6 times the RMSE 618 achieved with the data-assimilation method. Respectively, the RMSE for main engine power is 619 approximately 4 times larger and the RMSE for aux. engine power is 80% larger. 620
As described above the technical data-assimilation method relies on the design speed of 621 the vessel for which the method is being used (note: the method can still be used when the scaling 622 factor is set to 0). However, the design speed is not always available and for ships without 623 IMO-number the design speed is in fact almost always missing. In such cases the design speed is 624 estimated based on AIS-data. The instantaneous speed values given by the AIS-data are sorted in 625 order of magnitude. Based statistical regression we then estimate the design speed of the vessel to 626 equal the 95 th percentile value of the ordered speed data multiplied by a factor of 1.05. The main 627 reason for using the percentiles in the evaluation is that the simple maximum value for the 628 instantaneous speed correlates with the design speed significantly worse ( Figure A2 
Research highlights
• A model (STEAM3) for the assessment of global shipping emissions is presented.
• The modelling is based on ship activities given by AIS, for more than 300,000
ships.
• A route generation algorithm is used to handle large gaps in the AIS-data.
• Data-assimilation is used to assign physically realistic properties for each ship.
• Results for global shipping emissions have been analyzed and presented for 2015.
